Relative positioning between multiple mobile users is essential for many applications, such as search and rescue in disaster areas or human social interaction. Inertialmeasurement unit (IMU) is promising to determine the change of position over short periods of time, but it is very sensitive to error accumulation over long term run. By equipping the mobile users with ranging unit, e.g. ultra-wideband (UWB), it is possible to achieve accurate relative positioning by trilaterationbased approaches. As compared to vision or laser-based sensors, the UWB does not need to be with in line-of-sight and provides accurate distance estimation. However, UWB does not provide any bearing information and the communication range is limited, thus UWB alone cannot determine the user location without any ambiguity. In this paper, we propose an approach to combine IMU inertial and UWB ranging measurement for relative positioning between multiple mobile users without the knowledge of the infrastructure. We incorporate the UWB and the IMU measurement into a probabilistic-based framework, which allows to cooperatively position a group of mobile users and recover from positioning failures. We have conducted extensive experiments to demonstrate the benefits of incorporating IMU inertial and UWB ranging measurements.
I. INTRODUCTION
Indoor positioning systems are essential to provide many public, commercial, and military services. Many researchers concentrate on the absolute positioning in a global coordinate system with respect to a specific infrastructure, where many reference anchors with known positions are deployed. The user measures the received signal strength (RSS) [1] , time of arrival (ToA) [2] , or angle of arrival (AoA) [3] to anchors and infers its position in the environment. A typical system is the global positioning system (GPS), which utilizes the satellites as anchors to provide position information in outdoor environments with an accuracy of several meters.
In some scenarios, for example fire rescue within a building, the global positioning is not possible, since anchors may not be deployed or not functional due to the accident. Therefore, relative positioning of users without any external infrastructure is appealing, which is the focus of this paper. In the context of relative positioning as shown in Fig. 1 , all users are considered as equal peers and are able to obtain the range information of its neighbors if they are in communication Fig. 1 .
Illustration of the relative positioning problem. We aim to track the relative position of a group of mobile users by integrating the inertial measurement provided by the IMU and the peer to peer ranging measurement from the UWB. As our approach does not rely on any given infrastructure, the environment is only used to validate our approach and provide the ground truth. User1, User2, and User4 can range each other using UWB, since they are close to each other. Due to the occlusion of the concrete walls, User3 can not hear User1 through UWB. With the help of IMU, we can cooperatively determine the relative positions of all users. range. Additionally, the users carry inertial sensors, which can measure their own movements. The goal is to determine the relative position of all users in the network.
Dead reckoning (DR) [4] [5] determines one's location based on its previous position and speed, which is measured by an IMU sensor or wheel encoder in the case of a mobile robot. If the initial locations of the users are known, one can use DR to determine the relative position of a group of users. But the DR may not be accurate due to accumulative error, which must be corrected or eliminated by other sources of information. Anchors with known positions, for example, can provide a measure to correct the positioning error, but infrastructure-based anchors are not applicable in a number of situations as mentioned previously. In this paper, we propose using the peer to peer measurement to remove the accumulative error for relative positioning estimation.
Many devices are able to provide peer to peer information, for example camera, laser range finder, and wireless sensors. Extensive research concerning relative positioning in a swam behavior using vision or laser-based sensors have been done in the area of robotics [6] [7] . The application of these approaches are limited in uncontrolled environments, as it is challenging for them to deal with the occlusions.
Due to the wide availability of RSS in many wireless devices, a number of model-based or fingerprinting-based techniques [8] [9] have been proposed to locate a device. As compared to the visual-based sensors mentioned above, the RSS is available even without line of sight. But the accuracy of RSS-based approach is limited since characterizing radio propagation in an environment is challenging due to severe multipath and numerous site-specific parameters. Recently, a novel wireless radio technology called ultrawideband (UWB) [10] [11] has been widely used to provide ranging information. This kind of sensor uses the ToA-based technique to measure the distance traveled and is able to provide a positioning accuracy within a few centimeters, which is several times better than RSS-based positioning systems.
In this paper, we propose an approach to combine the IMU inertial and UWB ranging measurement for relative positioning without any given infrastructure in a probabilistic way. A dual particle filter is additionally used to incorporate the UWB ranging measure and recover from positioning failures. On the one hand, the UWB is great at providing the distance information, but the communication range is limited and it does not provide any bearing information and may face location ambiguity while using UWB alone for positioning as pointed out in our previous work [12] . In this paper, we show how the motion measurement from IMU can be used to resolve this ambiguity. On the other hand, the IMU is notorious for the accumulative errors, and we demonstrate how the UWB can be used to remove this kind of error. As a result, by fusing the measurements from IMU and UWB during a period of time, we can take advantages of both sensors and cooperatively estimate the relative positions of mobile users. In particular, a central server is running in the back-end to fuse all measurements which does not require any computation at the sensor unit. Fig. 1 illustrates the concept of our relative positioning system. Considering the simulation and the real experiments conducted in this paper, we believe that the IMU inertial and UWB ranging can be used for cooperative localization in many scenarios, like firefighter operations and searching in disaster areas.
The rest of this paper is structured as follows. We review the related literature in Sect. II. Sect. III formulates the problem to be solved, which is followed by the implementation using a particle filter in Sect. IV. We experimentally validate the above mentioned in Sect. V and Sect. VI. Finally, we draw conclusions in Sect. VII.
II. RELATED WORK
Over the last decade, there is a growing interest in indoor positioning due to the rapid demand of many location-aware services. Many researchers focus on the global positioning in given infrastructures. For example, the existing WLANbased infrastructures are usually covered by a number of wireless access points (APs). Many off-the-shelf devices (i.e. smart phones) are able to provide the RSS, which can be used to infer mobile's locations [13] [14] . In many scenarios, the priori knowledge of an infrastructure is not feasible, such as personnel searching in disaster areas. Therefore, many researchers focus on relative positioning rather than global positioning. Authors in [15] presented an algorithm to achieve relative positioning for static sensor nodes in a sensor network. The location ambiguity exists in some nodes during positioning [16] [17] and will propagate to other nodes which results in a poor positioning accuracy.
Due to the mobility of the sensor nodes, cooperative relative positioning by fusing IMU and ranging information attracts more and more attentions [10] [11] [18] [19] [20] . Authors in [20] consider the relative positioning of two mobile robots under ideal ranging and motion measurement. This is reasonable since the motion of the robot can be precisely measured by wheel encoders. However, this does not apply to mobile user positioning due to irregular movements of the users, e.g. walking sideways and crawling. Authors in [18] propose an approach to initialize the orientation of an agent based on ranging and dead reckoning. The initial state of an agent is recursively estimated by considering dead reckoning of the nearby agents. However, their approach can not correct the positioning error after the initialization stage. Authors in [10] used an extended Kalman filter to implement a cooperative localization system for firefighters by fusing UWB and IMU information in a decentralized way. The fusion is done in each sensor unit, which additionally requires users to communicate with each other to share its state in order to incorporate the ranging measurements.
III. PROBLEM FORMULATION
Various wireless devices, i.e. Wifi, UWB, and RFID, provide the raging information, for example RSS and ToF (time of flight), which can infer the potential location of a target. Wireless signals can easily go through obstacles and show a big advantage over the visual-based sensors. Recently, a novel wireless technology called UWB is able to provide accurate range information through time of flight.
Assuming an indoor scenario consisting of N mobile users x (t) 1:N with unknown positions at time t, each user i is capable of measuring the distance of the neighbors z
ij } j∈Ni , where N i denotes the set of neighboring users sensed by the ith user. It is important to note that in the case that two users are out of range or being blocked, we may not receive any ranging value. However, we assume whenever there is a ranging value (i.e. z (t) ij ), it has high accuracy, and we refer the readers to later section (Sect. IV-C) for more details on its modeling. Moreover, each user i carries an IMU sensor which is able to measure its own movement m
i . We aim to determine the twodimensional positions and orientations of all users in a local coordinate frame without any given reference infrastructure.
Formally, to estimate the unknown positions of users x (t) 1:N at time t given the sequence of ranging and motion measurements, which are denoted as Z = {z
i } respectively, we need to construct the joint posterior probability p(x (t) 1:N |M, Z). We assume motion and ranging measurements are independent. According to Bayesian theory and the Markov assumption, p(x (t) 1:N |M, Z) can be factorized into:
) is the motion model, which predicts the pose of a user x (t) i at time t given the previous pose x (t−1) i and the displacement information from the IMU m
) is the ranging model of the UWB measurement, which represents the likelihood of receiving a ranging measurement z 
IV. STATE ESTIMATION WITH THE PARTICLE FILTERING
There are many implementations of the recursive Bayesian framework, e.g. particle filters and Kalman filters. As a nonparametric implementation of Bayesian framework, particle filters approximate the distribution with a collection of samples and has no assumption about the distribution of the probability density function. Therefore, we choose particle filters to fuse the measurements from different sources. An overview of the sensor fusion algorithm is shown in Fig. 2 .
A. Particle Filtering
In particular, the particle filter is represented by a set of M particles x
is the associated weight. The pose of the user is computed by a weighted mean among all particles. In general, the particle filter is performed recursively with the following three steps:
• Prediction: We draw a new set of particles according to the motion model p( In general, the probability that a particle appears in the new particle set depends on its weight.
B. IMU Mounted on Upper Torso for Dead Reckoning
We placed an IMU sensor on the upper torso of a user for dead reckoning as shown in Fig. 3 . The IMU consists of a 3D accelerometer, a 3D gyroscope, and a 3D magnetometer. In our previous work [4] [5], we placed the IMU sensor at the ankle for dead reckoning, but the end-users commented that placing the IMU at the ankle affects their walking. Thus, we propose to place the IMU sensor on the upper torso (see [5] for the details).
In general, we applied the indirect Kalman filter [4] [5] to get a smooth estimation of the displacement of a user. The proposed method does not require any prior training and the leg length can be estimated using an inverted pendulum model. As a result, the IMU reports the displacement estimation Δx i ) to the server as inputs of the particle filtering (also see Fig. 2 ). We predict the state of particles upon the IMU measurement corrupted with a Gaussian noise:
where σ 2 d and σ 2 θ are Gaussian noises added to the distance displacement and orientation respectively.
IMU is quite accurate at estimating the change of position over short periods of time, but is very sensitive to error accumulation over long term run. In particular, for a mobile user, the heading is highly influenced by the irregular movements and the local magnetic field disturbances in the indoor environment. Therefore, we utilize the ranging measurements from UWB to compensate for the errors in IMU to generate a new, more accurate, and reliable relative positioning system.
C. Ranging Model of UWB Measurement
We assume the noise from the range measurement is Gaussian with a standard deviation σ r :
Therefore, the likelihood of receiving a ranging measurement z (t) ij given the states of the two nodes x (t) i and x (t) j is computed as:
is the square root distance between two estimations. In this paper, we only consider positive ranging measurement. In general, negative detection is usually considered to be less useful than positive information (see [21] ). For example, detecting a user provides much more information than not observing a user, since there are many potential positions where one user is not able to detect the other user. In our experiment, even if two users are very close, it is still possible that one user can not communicate with the other user due to non-line-of-sight effect.
D. Dual Particle Filter to Recover from Positioning Failures
Due to the irregular movements of users, it is very hard to find a universal model to feature the error characteristics of the IMU. As a result, the particle filter may place a small number of particles (or no particles at all) around the true pose of the target, which leads to positioning failures. To solve this issue, authors in [22] proposed sensor resetting, which adds new samples according to the current measurement likelihood. Authors in [23] proposed another way to determine the number of particles to be added based on two smoothed estimations of measurement likelihoods. But the newly added samples may introduce an inconsistency to the current probability density function. This paper solves this problem using the dual particle filter [24] , which adds particles based the current measurement and determines their weights based on the current probability density function. For our application, it is straightforward to draw particles based on the current measurement (i.e. ranging z (t) ij ), as we assume the ranging measurement by UWB is precise.
Particularly, the importance weights of newly added particles are determined by reconstructing the belief using kernel density estimation (KDE) (see [25] in detail) based on the current state estimation. Therefore, we draw α samples using the dual particle filter based on the current measurement, 1 − α samples according to the motion model from IMU (see Fig. 2 ):
where 0 ≤ α ≤ 1 and π(z
i . We refer the readers to [24] for details of the implementation.
V. SIMULATIONS
We first evaluated our approach in a simulation in this section and then validated the approach in a real world experiment in Section VI. The goal of the simulation is to evaluate the accuracy and robustness of our approach. Moreover, the simulation gives a thorough investigation of the key parameters and help to choose the best parameters. 
A. Simulations Setups
We generated a scenario consisting of six users walking along a rectangle path multiple times in an environment of 20 m×10 m, as shown in Fig. 4(a) . All users started from the same location and kept a distance of approx. 8 meters during the walking. The speed of the user is about 0.5 m/s. We produced UWB ranging and IMU inertial measurement with a frequency of 0.5 HZ and 1 HZ respectively. For different users, various Gaussian noises were added to the step displacements and the heading changes, since in actual scenario the user track can be very different based on the individuals (see [10] ). The root mean square error (RMSE) of the relative distance among all pairs of users is used as a measure of the mean positioning accuracy. The server used for sensor fusion is running on an Intel Core i5-4200M @ 2.5GHz CPU, with 4GB RAM.
B. Impact of the Ranging Noise σ r and IMU Noise Scale
We evaluated the positioning accuracy under the impact of different noise scales of UWB sensor σ r and various noises added to IMU. We assume all users started from the same location, therefore the initial states of particle filters are known. We set five different scales of IMU noise, i.e. {σ d , σ θ } with the following values: {0, 0}, {0.1, 0.05},  {0.2, 0.1}, {0.4, 0.2}, {0.8, 0.4}. {0, 0} can be considered as the case with IMU alone. In this series of experiments, we set α = 0.01 and the number of particles M = 500. Fig. 5(a) shows the positioning accuracy under different values of σ r and different scales of IMU noise. As compared to the accuracy of IMU alone, our approach is more precise. For 
(a) example, we get a mean positioning error of 2.1 m with σ r = 2 and σ d = 0.2, σ θ = 0.1, which is an improvement by a factor of 5 as compared to the case without UWB (10 m for σ d = 0 and σ θ = 0). Due to the cumulative characteristic of IMU, the relative positioning accuracy will even get far worse for longer tracks. Fig. 6 plots the positioning error at different timestamps with respect to different IMU noises.
In general, a larger σ r leads to a worse result. This is because a too large noise level will introduce too much noise to the ranging model and results in an unstable estimation, thus giving a bad accuracy. On the other hand, a too small σ r also leads to a bad positioning result. This is because with a too small σ r , the particle filter is not able to capture the noise from the UWB sensor, and may place a small number of particles or no particles around the true position of the target, which leads to a poor positioning accuracy.
C. Impact of Number of Particles and Dual Particle Filter
Next, we examined the positioning accuracy under the impact of number of particles and different configurations of the dual particle filter as shown in Fig. 5(b) . In this series of experiments, we set σ r = 2.0 for the UWB ranging model. For the IMU, we choose σ d = 0.2 and σ θ = 0.1. We also showed the running time under different number of particles M in Table I . As can be seen from Fig. 5(b) , the positioning accuracy gets worse with smaller M (e.g. M ≤ 200). With M ≥ 500, we achieved nearly the same accuracy. Obviously, the mean computational time required for larger M increases due to the increasing number of particles. Integrating one measurement with a particle filter (M = 500 for example) only requires 0.05 seconds, which satisfies the requirement of real-time processing. However, the running time will increase if the number of mobile users is increasing. Fig. 4(b) is the estimated track using our cooperative positioning approach with a particle size M = 500 and α = 0.01. As can be seen form this figure, the tracks of all users are aligned with the correction of UWB.
In addition, α = 0.01 gives the best positioning result, as can be seen from Fig. 5(b) . A too large or too small α obviously leads to bad results. With M = 500, we achieve a positioning accuracy of 1.8 m, which is an improvement of 10% as compared to the case (i.e. α = 0) without using dual particle filter (2.0 m). The improvement with the dual particle filter is not significant, as the initial positions of all users are assumed to be known. In order to show the benefits of the dual particle filter, we initialize the particle filter based on a position which is randomly shifted by a certain distance from the true position. The mean positioning accuracy is shown in Fig. 5(c) . As can be seen from this figure, the accuracy is decreasing due to the wrong initial locations of the particle filter. For a shift of 4 meters, we obtain a positioning accuracy of 2.6 m, which gives an improvement of 44% as compared to the case without dual particle filter (4.5 m). This is because the dual particle is able to place the particle to the true position and deal with the positioning failures, which results in an improved accuracy.
VI. REAL WORLD EXPERIMENTS

A. Implementation Detail
We used the Pozyx sensor 1 as UWB module to get the range information. Each node has a transmitter and a receiver (see Fig. 3 ) in order to get the peer-to-peer ranging information. The transmitter or receiver has a unique ID which can be used to identify a person. The Pozyx sensor has a reading range up to 30 meters in clear line-of-sight. But the reading range is limited in indoor environments due to the occlusions. The sensing data is read by an Arduino board and sent to the server through a Xbee wireless module.
For the IMU, we used a 9 DOF (degree of freedom) MPU-9150 from SparkFun 2 . The sensing data is read by an Arduino board via I2C protocol. The IMU samples the readings from gyroscope, accelerometer, and magnetometer, fuses them using a pendulum model and an extended Kalman filter [4] , and outputs the displacement information. All the processing is done in the Arduino board with a frequency of 50 Hz. An XBee wireless module is used to send the computed results to a server for further fusion with UWB ranging measurements.
B. Evaluation
We evaluated the performance of our approach in the laboratory at our campus with a size of 25 m×15 m, as shown in Fig. 1 . During our experiment, three persons carrying UWB sensors (i.e. transmitters and receivers) and IMU sensors (see Fig. 3 ) walked along a rectangle path multiple times with a normal speed. The UWB sensor is programmed to send the ranging measurements every 2 seconds. Although the IMU works at a high frequency (50 Hz), IMU sends the displacement information every one second due to the limitation of Wifi network capacity. In total, each person traveled approx. 310 m in 380 s with an average velocity of around 0.8 m/s. The resulted track consists of approx. 380 IMU inertial and 190 UWB ranging measurements. To record the ground truth, we placed 112 visual landmarks uniformly on the walls. When users passed by the landmarks, they are asked to press a button on the mobile phone, which will send the ID of the landmark and the timestamp to the server. The positions of these landmarks are measured before using a 2 https://www.sparkfun.com/ Fluke 411D distance meter. A snapshot of the experiment is shown in Fig. 7 . The original IMU track and track estimated by integrating UWB measurements are shown in Fig. 8 . We choose the number of particles M = 500 and set α = 0.01. We also fixed σ r = 2.0 for all experiments. The relative positioning error over all pairs of users under the impact of different IMU noises are shown in Fig. 9 . As compared to the raw IMU error (3.0 m), we achieve a relative positioning accuracy of 2.2 meters with 3 users, which is much worse than the simulation, as here for our actual scenario the detection probability of the UWB is limited due to many occlusions in the environment. We show the detection statistics (i.e. detection probability at different distances) of the UWB sensor in Fig. 10 during the experiment. As can be seen from this figure, even if two users are close to each other, there is still some probability that one can not hear another. 
VII. CONCLUSIONS AND FUTURE WORK
We propose an approach to combine the IMU inertial and the UWB ranging information for relative positioning in a probabilistic way without any given infrastructure. UWB has very good positioning accuracy, but the communication range is limited due to the occlusion of the environment. In contrast, IMU can give a measure of the relative movement of a user, but suffers from the accumulative errors. Therefore we fuse the measurements from both sensors to compensate the error of an individual sensor and achieve a better positioning accuracy. A simulation is setup to show the effective of our approach and the parameters are validated through the simulation. We implemented our approach in a real scenario for multiple users relative positioning and evaluated the performance of our system through experiments.
Our solution is based on the commercially available products and can be further integrated into a single device suitable for many applications, such as autonomous mobile robots as well as sensor networks. We believe the two sensor can be further integrated into a single sensor to position a group of mobile users or agents for the robotics community. In the future, we would like to extend our approach into 3D and integrate the yaw information from smart phones. Another direction is to improve the accuracy of the IMU itself in order to improve the overall relative positioning accuracy.
